Using a unique dataset covering two years of high frequency data on the indices from markets in the U. S., London, Frankfurt, Paris, Warsaw, Prague, and Budapest, we 
Introduction
The increasing globalization of the world economy should obviously have an impact on the behavior of national stock markets. The relaxation of all types of economic barriers and developments in information technologies are, among other things, expected to induce stronger stock market integration as opposed to stock market fragmentation. With integrated stock markets, information originating from one market should be important to other markets. This assumption has motivated an intensive area of empirical research on the transmission of information across equity markets.
Using a rough criterion, this research can be divided into two areas. The first area studies stock market integration and focuses on statistical relationships between the indices from different markets, typically using cointegration or Granger causality analysis, e.g., (Huang, Fok, 2001) , (Seabra, 2001) , (Dickinson, 2000) , (Bracker et al., 1999) , (Chelley-Steeley et al., 1998) , (Richards, 1996) , (Chou et al., 1994) . The second area focuses on the effect of macroeconomic releases from different countries on different markets. It studies the impact of the releases on market returns, volatility, and trading volumes. Papers from this area include, for example, (Andersen et al., 2003) , (Connolly, Wang, 2003) , (Wongswan, 2003) , and (Ehrmann, Fratzscher, 2002) .
In this paper we address the same problem of stock market integration as defined by the first area of research, but employ the high-frequency data characteristic of the second research area. Cointegration and Granger causality tests between stock market indices have hitherto been performed using data with daily or even less frequent observations, perhaps because high-frequency 1 data on indices from most stock markets have not been easily available historically. Studies of stock market reactions to macroeconomic releases typically employ high-frequency index data only from markets in the U.S. and London, using FTSE 100 futures as a proxy for the spot index. Nevertheless, these studies suggest that markets react to macroeconomic releases very quickly, faster than within one hour. Therefore, there are good reasons to believe that the stock market reaction to the information revealed in prices on other stock markets should also be very fast. The use of daily data in cointegration and Granger causality tests could then be misleading.
2
If the reaction of prices in Market A to information revealed by prices in Market B occurs faster than within one day, then we should not detect cointegration or Granger causality with daily data, i.e., the markets should appear informationally efficient. In this case informational efficiency means that today's expectation of tomorrow's return in Market A, conditional on the available information, equals today's return in Market A. Cointegration and Granger causality would imply, however, that we could improve the expectation of tomorrow's return in Market A using the information about today's return in Market B. On the other hand, when using data of a frequency close to the speed of information transmission between the two markets, we should detect cointegration and Granger causality. By further increasing the data frequency, cointegration and Granger causality should disappear once the data are collected at intervals much lower than the time needed for information transmission between the two markets. With such high-frequency data, the markets would appear to be completely independent.
The arguments presented above suggest that data frequency should play an important role for cointegration and Granger causality tests among indices from different stock markets. Therefore, we perform cointegration and Granger causality tests with data of different frequencies. We use a unique dataset covering two years of high-frequency data on the indices from the markets in the U. S., London, Frankfurt, Paris, Warsaw, Prague, and Budapest. This allows us to vary the data frequency from five minutes to one day. Our aim is to uncover the time structure of the reaction of prices on one market to the information revealed in prices on other markets. We are particularly interested in the speed at which the information is transmitted between the markets. 3 We are aware that we cannot directly address the nature of the information transmission. Our tests cannot distinguish if the information revealed by the prices in one market is transmitted directly to the prices in another market or if the two markets react to some other relevant information about economic fundamentals (e.g., macroeconomic releases) in a similar manner but at slightly different speeds. In other words, we do not address the question of contagion between markets versus reaction to economic fundamentals. 1 The term "frequency" is actually used incorrectly in this area of research. When we say daily frequency of the data, we mean, in fact, a daily period. With higher frequencies, like hourly or 30-minute frequencies, we mean data collected hourly or at 30-minute intervals. 2 In general, even if markets react relatively quickly to any specific information, analysis based on daily data can make sense, because information is coming throughout the day and the change in the daily closing price can be viewed as its aggregation. However, Granger causality and cointegration analysis with daily data should not be used to decide about the presence or absence of stock market integration. 3 Egert and Ko enda (2005) employ the same dataset to investigate only the highest five-minute frequency data using a wide range of econometric techniques.
Data
The data employed in this paper were provided free of charge by Bloomberg, Prague. We use five-minute interval data on the following stock market indices: S&P 500 and Dow Jones Industrial Average (U. S.), FTSE 100 (London), DAX 30 (Frankfurt), CAC 40 (Paris), WIG 20 (Warsaw), PX 50 (Prague), and BUX (Budapest). It is not possible to obtain historical five-minute interval data for all of these indices. The data are stored in the Bloomberg database only for the most recent months. Therefore, the data were downloaded 24 times over 24 months so that a time span starting on June 2, 2003, at 13:30 and ending on June 6, 2005, at 23:55 Western and Central European Daylight Time was covered.
4 Table 1 shows the time periods for which the data are mostly available each trading day for each individual index. Table 2 shows basic summary statistics on the natural logarithms of the indices and on the associated logarithmic five-minute returns (five-minute logarithmic differences). 
Methodology
To test for Granger causality and cointegration, we use the standard methodology proposed by Granger (1969 Granger ( , 1986 and Engle and Granger (1987) as described, for example, in (Enders, 1995) . All tests are performed on natural logarithms of the indices' time series using simple OLS estimation procedures. 
Granger Causality and Cointegration Tests
In order to test for Granger causality among stock market indices x t and y t , we estimate the equation 
We allow the levels to contain a constant term and a linear time trend, whereas for the differences we include only a constant term in the estimated equation. Under the null hypothesis of the presence of a unit root (non-stationarity), the test statistic defined as the t-ratio of ( -1) equals zero. To test this hypothesis, we compare the test statistic to the finite sample critical values tabulated by Cheung and Lai (1995) . 5 More information about the composition as well as other characteristics of the investigated indices can be retrieved on the appropriate stock markets' web pages. 6 The results do not change significantly when OLS with a correction for heteroscedasticity is employed. Even though the investigated data are of high frequency, as described in Subsection 4.2, the test regressions only employ high-frequency lags but are in fact estimated with daily data. Therefore, the absence of any strong conditional heteroscedasticity is not that surprising. 7 It should be mentioned that simple random walk like stochastic time series models of a stock price (and thus also of a stock market index) imply that the logarithms of the stock price contain a unit root and its differences (logarithmic returns) are stationary. This result is also predominantly confirmed in many previous studies.
If the logarithms of both series x t and y t are found to be I(1), then we proceed to the test of cointegration. We estimate a simple linear relationship between the two time series defined by equations (4) 
Then we apply the ADF test to the estimated residuals e t from each of the two equations (4) or (5). This means that we estimate the equation
In this case we do not even allow for a constant in equation (6) because e t is a series of regressions' residuals. Further, we proceed as with the ADF test applied to levels and differences of the logarithms of stock market indices, but employ the finite sample critical values tabulated by MacKinnon (1991) . If the time series of the residuals e t is tested as stationary, then we claim that the stock market indices x t and y t are cointegrated.
Cointegration between the indices x t and y t indicates the presence of a long run equilibrium relationship represented by equation (4) or (5). If one index deviates from this relationship in a period t, then it tends to return to it in subsequent periods. As a result, none of the indices should depart too far from this equilibrium. This idea is mathematically expressed with an error correction model that can be estimated using the following equations:
where e t are the estimated residuals from equations (4) or (5). If the indices x t and y t are found cointegrated, then at least one of the coefficients 1 and 2 should appear significant in the estimated equations (7) and (8) and its sign should be such that the deviation from the long-run equilibrium in period t -1 (e t -1 is used as a proxy for this deviation) will be corrected in the following period t.
In the tests described above, sums of lagged differences are included in the estimated equations (1), (2), (3), (6), (7), and (8). The lagged differences control for potential serial autocorrelation in residuals. To select the highest lag K, we use a modification of the non parametric method presented by Campbell and Perron (1991) , and Ng and Perron (1995) . The number of lags K is initially set at the maximum value of eight and the statistical significance of the coefficient on the highest lag is checked using a simple t-test. If it is insignificant at the 10% level, the number of lags is reduced by one and the procedure is repeated until statistical significance of the coefficient by the highest lag is achieved. If lagged differences for two variables are included (as in equations (1), (7), and (8), then we include the same number of lagged differences for both of them. Therefore, K is set when at least one of the coefficients on the highest lag is significant at the 10% level of significance.
Tests with Different Data Frequencies
The major goal of this paper is to compare the results of Granger causality and cointegration tests for different data frequencies. Specifically, we perform the tests with the stock market index data of the following frequencies: 5 minutes, 10 minutes, 20 minutes, 30 minutes, 40 minutes, 50 minutes, 1 hour, and 1 day. To assure comparability of the results with different data frequencies, we proceed in the following way. For each pair of the tested indices we choose one time and select the available daily observations only for this particular time. The chosen times are 21:50 for a pair of U. S. indices, 15:40 for a pair of European indices, and 17:15 for a pair consisting of one U. S. and one European index. All the times are expressed in Western and Central European Daylight Time. With such "daily" time series, we use different lags for the tests with different frequencies. For example, when performing Granger causality tests on five-minute interval data we employ five-minute lags in equation (1), with ten-minute interval data we employ ten-minute lags, etc. With daily data frequency, we do not control for any potential Monday effects and take Friday as the preceding day. The times 21:50, 15:40, and 17:15 are chosen so that enough lags on all frequencies are available for both indices in the pair. Simultaneously, we avoid the closing times of any of the markets to prevent some potential special properties of the closing time index values from influencing the results. Nevertheless, the maximum number of lags allowed in the estimated equations is lower than eight as the frequencies approach one hour (see Table 3 ).
Depending on each individual pair of indices, the number of observations employed in the tests ranges between 408 and 498 for frequencies up to one hour, with a typical value around 470. For the tests with daily frequency the number of observations ranges between 313 and 483.
Results
The results of all Granger causality and cointegration tests are given in Appendix, Tables A1 and A2. The results of the estimation of all error correction models will be provided upon request. We performed Granger causality and cointegration tests with different frequencies of the following twelve pairs of stock market indi- The DJIA and S&P 500 cover stock markets in the same country. Thus, Granger causality or cointegration relationships should occur only at very high frequencies, because the transmission of information should be very fast. Unfortunately, the two indices do not measure the performance of two non-intersecting sets of stocks. In fact, the DJIA can be viewed as a "subset" of the S&P 500. All 30 DJIA index components are among the 500 stocks whose prices are used to compute the value of the S&P 500 index (at least throughout the time span investigated in this paper). For example, in August 2004, the weight of the 30 DJIA index components in the S&P 500 index was around 35 %. This weight can change slightly over time due to the S&P 500 index weighting scheme. While the DJIA is calculated on a price--weighted basis, the S&P 500 components are weighted proportionally to the market capitalization of the corresponding companies. Therefore, it is not possible to compute that part of the S&P 500 index measuring the remaining 470 stocks not included in the DJIA, unless we know the exact market capitalization of all the S&P 500 components at any point in time. The "overlap" of the two indices could cause a slight bias in the results of this paper. The bias should lead to not detecting any Granger causality, because no time series will ever Granger cause itself. In the case of cointegration, the bias should lead to finding a cointegration relationship because any time series is trivially cointegrated with itself, as the residuals from the regressions (4) or (5) equal zero. Neither of the two biases should be too serious, however, because about two-thirds of the S&P 500 index is calculated using the prices of the 470 stocks not included in the DJIA. Nevertheless, it should be mentioned that any of the 470 companies whose stocks are not included in the DJIA index has a much lower market capitalization than any of the 30 companies whose stocks are included in both indices. Thus, when using DJIA and S&P 500 indices in Granger causality and cointegration analysis in this paper, we in fact investigate the transmission of information revealed in prices of large (represented by the DJIA) and relatively small U.S. companies (represented by the S&P 500).
The second and third pairs investigate the relationships between the U. S. S&P 500 index and the two major European indices of the markets in London (FTSE 100) and Frankfurt (DAX 30). The next three pairs include three European indices: FTSE 100, DAX 30, and CAC 40 of the stock market in Paris. The next three pairs study the relationships between the DAX 30 and three indices from relatively small and still emerging Eastern European markets in Warsaw (WIG 20), Prague (PX 50), and Budapest (BUX). 8 The last three pairs include the three emerging markets indices WIG 20, PX 50, and BUX.
Whenever possible, we allow for a maximum of eight lags of the logarithmic differences in all the performed tests. However, the number of available lags is lower for data frequencies close to one hour. The maximum number of available lags in Granger causality and cointegration tests for different frequencies with each pair of indices is given in Table 3 . The problem of a low number of available lags becomes the most serious in the case of the following two pairs: S&P 500 with FTSE 100 and S&P 500 with DAX 30. Here, the number of available lags drops to two for 30-minute frequencies and to one for 40-and 50-minute frequencies. With hourly data the tests cannot be performed at all because zero lags are available. Therefore, the results of the tests for these two pairs of indices cannot be viewed as fully comparable to results with the other pairs.
We should also be careful when comparing the test results from daily data to the results from data of other frequencies. Due to numerous holidays the number of available observations is lower with daily data than with other frequencies. Moreover, we do not control for any possible Monday effects and regard Fridays as directly preceding Mondays. 
Granger Causality
The results of Granger causality tests are given in Table A1 in Appendix. They show a rich structure of Granger causality relationships. First, let us consider Granger causality between the two U.S. stock market indices: S&P 500 and DJIA. This pair can serve as a benchmark because the two indices are from markets in the same country. In line with this fact we detect the strongest result only with the highest five-minute frequency where the DJIA index Granger causes the S&P 500 index at the 1% significance level and vice versa; the S&P 500 Granger causes the DJIA but only at the 10% significance level. This means that the two indices either react very quickly to each other, or react to information relevant for the U.S. stock markets almost equally fast and in a similar manner. Moreover, the direction of Granger causality goes from the DJIA index to the S&P 500 index. This suggests that the prices of stocks of relatively small U. S. companies (represented by the S&P 500 index) react very quickly to the price changes of stocks of large U. S. companies (represented by the DJIA index). Additionally, our results also suggest that the S&P 500 Granger causes the DJIA with 30-minute and 40-minute data frequency but only at the 10% significance level. This result is, therefore, relatively unimportant compared to the result obtained with five-minute data frequency.
Second, we consider Granger causality between the S&P 500 index and the two major European indices, the FTSE 100 and DAX 30. Here, we see a slightly different pattern than with the two U. S. indices above. The S&P 500 Granger causes the FTSE 100 at the 1% significance level with five-minute data frequency and at the 10% significance level also with ten-minute data frequency. With the DAX 30 index, the pattern of Granger causality results is a bit richer. The S&P 500 Granger causes the DAX 30 at the 5% significance level with 5-and 30-minute data frequency and additionally with 40-minute data frequency at the 10% significance level. The opposite Granger causality relationship is detected only once. The DAX 30 index Granger causes the S&P 500 with ten-minute data frequency at the 5% significance level. Therefore, we conclude that the two major European stock markets react to information from the stock markets in the U.S. within approximately 30 to 40 minutes after this information is reflected in the S&P 500 index. However, the first and strongest reaction occurs very quickly, approximately within the first ten minutes. The evidence for an opposite reaction of the S&P 500 index to information revealed in the European indices is weak.
Third, we analyze Granger causality results among the three European stock market indices, the FTSE 100, DAX 30, and CAC 40. In this group a very rich Granger causality pattern is detected with frequencies ranging from five minutes to one day. Numerous Granger causality relationships in both directions and among all three pairs of indices are found with data frequencies between 20 minutes and one hour. With the highest five-minute data frequency, only two Granger causality relationships are present: the DAX 30 Granger causes the FTSE 100 at the 1% significance level and the CAC 40 Granger causes the FTSE 100 at the 5% significance level. With daily data frequency, Granger causality relationships are detected only at the 5% and 10% levels of significance. The CAC 40 index Granger causes the FTSE 100 index at the 5% level of significance, and both directions of Granger causality are found between the DAX 30 and CAC 40 indices but only at the 10% significance level. We conclude that the three European markets react to the information revealed on these markets approximately within one hour, with the strongest reaction occurring after 20 minutes. The fastest is the reaction of the FTSE 100 index whose first reaction to the DAX 30 and CAC 40 indices seems to occur within five minutes. Fourth, we look at the results of Granger causality between the Frankfurt DAX 30 and the three indices from the relatively small Eastern European stock markets in Warsaw (WIG 20), Prague (PX 50), and Budapest (BUX). We find evidence that the DAX 30 index Granger causes all three Eastern European stock market indices. There is little evidence of an opposite relationship. With five-minute data frequency, the DAX 30 index Granger causes the WIG 20 and BUX indices at the 1% significance level. With this data frequency, the opposite Granger causality relationship is also detected between the DAX 30 and WIG 20 indices, but only at the 5% level of significance. Additionally the DAX 30 Granger causes the WIG 20 with 10-minute and 30-minute data frequency at the 5% significance level. With 40-minute, 50-minute, and one-hour data frequencies, the DAX 30 Granger causes all three Eastern European stock market indices at different levels of significance with the strongest result for the WIG 20 index, where Granger causality is detected at the 1% significance level using all the three data frequencies.
The opposite Granger causality relationship is quite rare. The WIG 20 and BUX Granger cause the DAX 30 with 40-minute data frequency but only at the 10% significance level and the WIG 20 index Granger causes the DAX 30 index also with daily data frequency but again only at the 10% level of significance. As already mentioned, while the WIG 20 Granger causes the DAX 30 with the highest 5-minute data frequency at the 5% level of significance, the opposite Granger causality relationship is detected at the 1% significance level. We conclude that the three small markets react to information revealed by the market in Frankfurt and not vice versa. The stock market in Prague seems to react more slowly than the markets in Warsaw and Budapest. However, in all three cases the information is predominantly transmitted after 40 minutes to one hour. Thus, the reaction speed of these markets is slightly slower but comparable to that between the major European markets. This finding partly contradicts the results of various studies that investigate informational efficiency and various types of information transmission in the emerging Eastern European markets, e.g., (Hanousek, Filer, 2000) or (Podpiera, 2000 (Podpiera, , 2001 . These studies find typically little evidence for informational efficiency of these markets and are in this sense particularly skeptical about the stock market in Prague.
Finally, we consider Granger causality among the indices from the three markets in Warsaw, Prague, and Budapest (WIG 20, PX 50, and BUX) . 10 With the WIG 20 and PX 50 pair we detect Granger causality with 5-, 30-, 40-minute, 1-hour, and 1-day data frequencies. However, the result with the 5-minute data frequency is weak. The PX 50 index Granger causes the WIG 20 index with 5-minute data frequency only at the 10% significance level. With 30-minute and 1-hour data frequencies, the PX 50 index Granger causes the WIG 20 index at the 1% significance level, while the opposite Granger causality relationship is detected at the 5% level of significance. With 40-minute data frequency both directions of Granger causality appear but only at the 10% significance level. Additionally, the PX 50 is found to Granger cause the WIG 20 with daily data at the 5% significance level. Thus, the Granger causality pattern between the WIG 20 and PX 50 indices is somewhat chaotic.
Much more interesting are the results with the WIG 20 and BUX pair and particularly with the PX 50 and BUX pair. The BUX index is found to predominantly Granger cause the WIG 20 and PX 50 indices and not vice versa. With all the data frequencies ranging from 20 minutes to 1 hour, the BUX index Granger causes the PX 50 index at the 1% level of significance. Additionally, the same result is found with 10-minute and daily data frequencies, but only at the 10% significance level. The opposite Granger causality relationship is detected only with 40-minute and daily data frequencies and only at the 10% and 5% levels of significance, respectively. With the WIG 20 and BUX pair of indices, the dominance of the BUX is not so obvious. However, here also the BUX index Granger causes the WIG 20 index with 10-minute, 50-minute, and 1-hour data frequencies at the 5% significance level, while the WIG 20 index Granger causes the BUX index only with 5-minute and 1-hour data frequencies and only at the 10% level of significance. Therefore, we conclude that among the three Eastern European stock markets, the Budapest market is the clear leader.
The markets in Warsaw and Prague react to it within 1 hour. Particularly strong is the reaction of the stock market in Prague. Admittedly, these conclusions are rather daring. It might be the case that the market in Prague reacts to the same information as the market in Budapest but with a delay, particularly as a slower reaction to changes in the DAX index was detected with the Prague market.
Order of Integration
The results of the order of integration tests are presented in Table A2 in Appendix A. Note that for different pairs of indices we use different observations. Therefore, the results for one index could differ depending on the other index included in the pair. In line with the previous empirical research and with the theoretical stochastic models of stock prices, most of the indices are found to be I(1) at any frequency and using any significance level in the tests. However, with some indices and some data frequencies (particularly with daily data frequency), we find systematic deviations from this rule. Namely, the FTSE 100, DAX 30, CAC 40, and WIG 20 indices are in some cases found to be stationary already in levels, i.e. I(0). The individual cases are listed below.
The FTSE 100 index appears to be I(0) with 40-minute and daily data frequencies at the 10% significance level when paired with other European indices (daily observations at 15:40). With daily data frequency, the FTSE 100 is also found to be I(0) even at the 5% significance level when used in a pair with the U. S. S&P 500 index (daily observations at 17:15). The DAX 30 with daily data frequency is found to be I(0) at the 5% significance level when paired with any other index. The CAC 40 is tested as I(0) with daily data frequency at the 10% significance level when paired with other European indices. Finally, the WIG 20 index is found to be I(0) with daily data frequency at the 5% significance level when paired with the DAX 30 and the other Easter European indices. Here we do not have any explanation for these surprising results other than the limitations of the econometric techniques used rather than some fundamental pattern.
Cointegration
The results of cointegration tests for different pairs of indices and different data frequencies are given in Table A2 . Cointegration of two time series represents a strong relationship. It implies the existence of a long-run equilibrium, towards which the two time series tend to converge. It also implies that the two time series must share a common stochastic trend. Moreover, cointegration tests are based on the ADF test, which is known to have low power. This means that even if the two time series are cointegrated in reality, the ADF test is quite likely not to detect this relationship. Therefore, it is not surprising that cointegration is detected only rarely in the data. Additionally, to test for cointegration the two time series must be I(1). Thus, the above--mentioned indices' time series that were tested as I(0) cannot be considered as cointegrated with any other index, even if the residuals from the cointegrating equation (4) or (5) were found to be stationary. Regarding this limitation, we detect cointegration only with two pairs of stock market indices, the FTSE 100 and CAC 40 and the PX 50 and BUX. With these two pairs (particularly with the PX 50 and BUX pair), the pattern of detected Granger causality relationships was also very rich.
For the FTSE 100 and CAC 40 pair, cointegration is detected with 30-minute, 50-minute, and 1-hour data frequencies. The error correction models suggest that the CAC 40 index reacts in all cases to the deviations from long-run equilibrium. For the PX 50 and BUX pair, cointegration is detected with data frequencies ranging from 30 minutes to 1 hour. In all these cases the error correction models show the reaction of both indices to the deviations from long-run equilibrium. However, the detected reaction of the PX 50 index is stronger, confirming the dominance of the BUX index already revealed in the Granger causality tests.
The rare appearance of cointegration relationships contrasts with the findings of other studies that have often suggested the presence of cointegration with closing time daily data of various pairs of stock market indices.
11 However, the use of closing time daily data in cointegration tests is quite misleading. Such data are not simultaneous as the closing times of different markets typically differ.
Conclusion
Using a dataset covering two years of high-frequency data, we investigate the issue of stock market integration from a novel perspective. We perform cointegration and Granger causality tests with data of different frequencies. Our aim is to describe the time structure in which markets react to the information revealed in prices on other markets. Particularly, we want to detect the speed of information transmission between the different markets. We employ the indices from stock markets in the U. S. (S&P 500 and Dow Jones Industrial Average), London (FTSE 100), Frankfurt (DAX 30), Paris (CAC 40), Warsaw (WIG 20), Prague (PX 50), and Budapest (BUX). The tests are performed for twelve different pairs of indices using data of 5-, 10-, 20-, 30-, 40-, 50-minute, 1-hour, and daily frequencies.
The results suggest that the markets react very quickly to the information revealed in the prices from other markets. In all cases the strongest reaction occurs within one hour, with the first reaction detected often after only five minutes. The U.S. markets seem to be an important source of information for the markets in London and Frankfurt, which react to such information within approximately 30 to 40 minutes, with the strongest reaction occurring within the first ten minutes. The three major European markets in London, Frankfurt, and Paris react to the information revealed in these markets within one hour, while the strongest reaction is detected after 20 minutes. The fastest is the reaction of the FTSE 100 index. The three small Eastern European markets in Warsaw, Prague, and Budapest react to the information revealed in the market in Frankfurt predominantly after 40 minutes to one hour. The slowest seems to be the reaction of the stock market in Prague. The stock market in Budapest appears to be a clear leader among the three Eastern European markets. The markets in Warsaw and Prague react to it within one hour, with the reaction of the stock market in Prague being particularly strong.
We are aware that when interpreting the results, we have neglected the differences in institutional arrangements of each of the stock markets. On the other hand, the aim of each stock market is to have a fast, efficient, and transparent trading system that helps to quickly reveal undistorted stock prices. Thus, when investigating information transmission, slight differences in institutional arrangements on the different markets should not matter too much.
12 12 To get a detailed description of the trading systems on each of the markets and for each of the stocks included in the investigated indices would be almost impossible. Some of the indices might contain stocks that are traded using different systems on the same market. Moreover, the U.S. S&P 500 and DJIA indices contain stocks that are traded on different markets. Cheung and Lai (1995) for the ADF tests with the levels and differences of indices' logarithms and from MacKinnon (1991) for the ADF tests with the residuals. P-values other than 0.01, 0.05, and 0.10 are computed using a logistic interpolation. Such P-values are fine for testing at the common significance levels of 10 %, 5 %, and 1 %, but rather speculative outside this range.
